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Abstrak 
Gabungan pengelas berganda dianggap sebagai satu arah baru dalam bidang 
pengecaman corak untuk meningkatkan prestasi pengelasan. Ketiadaan garis 
panduan piawai  untuk membangunankan pengelas gabung yang tepat dan pelbagai 
merupakan masalah utama dalam  gabungan pengelas berganda. Ini adalah kerana 
kesukaran untuk mengenal pasti jumlah pengelas homogen dan bagaimana 
menggabungkan hasil pengelas. Kaedah gabung yang paling biasa digunakan ialah 
strategi rawak manakala teknik pengundian terbanyak digunakan sebagai 
penggabung pengelas. Walau bagaimanapun, strategi rawak tidak dapat menentukan 
bilangan pengelas dan pengundian terbanyak tidak mempertimbangkan kekuatan 
setiap pengelas, sehingga menyebabkan ketepatan pengelasan yang rendah. Dalam 
kajian ini, satu skim gabungan pengelas berganda yang lebih baik dicadangkan. 
Algoritma ant system (AS) digunakan untuk melakukan sesekat set ciri dalam 
pembentukan subset ciri yang mewakili pengelas. Satu  ukuran kekompakan 
diperkenalkan sebagai satu parameter dalam membina pengelas gabung yang tepat 
dan beragam. Satu kaedah mengundi pemberat  digunakan untuk menggabungkan 
hasil pengelas dengan mempertimbangkan kekuatan pengelas sebelum pengundian 
dilakukan. Eksperimen telah dijalankan menggunakan empat pengelas asas iaitu 
nearest mean classifier (NMC), naive bayes classifier (NBC), k-nearest neighbour 
(k-NN ) dan linear discrimimant analisis (LDA) ke atas set data penanda aras, untuk 
menguji kredibiliti skim gabungan pengelas berganda yang dicadangkan. Purata 
ketepatan  pengelas gabung homogen NMC, NBC, k- NN dan LDA  adalah 97,91 %, 
98,06 %, 98.09 % dan 98,12 %. Ketepatan adalah lebih tinggi daripada yang 
diperolehi melalui penggunaan kaedah lain dalam membangunkan  gabungan 
pengelas berganda. Skim gabungan pengelas berganda yang dicadangkan dapat 
membantu dalam membangunkan gabungan pengelas berganda untuk  pengecaman 
dan pengelasan corak yang lain.  
 
 
Kata Kunci: Gabungan pengelas berganda, Ukuran keragaman, Pengecaman dan 
pengelasan corak, Algoritma ant system, Pengundian berberat.  
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Abstract 
Combining multiple classifiers are considered as a new direction in the pattern 
recognition to improve classification performance. The main problem of multiple 
classifier combination is that there is no standard guideline for constructing an 
accurate and diverse classifier ensemble. This is due to the difficulty in identifying 
the number of homogeneous classifiers and how to combine the classifier outputs. 
The most commonly used ensemble method is the random strategy while the 
majority voting technique is used as the combiner. However, the random strategy 
cannot determine the number of classifiers and the majority voting technique does 
not consider the strength of each classifier, thus resulting in low classification 
accuracy. In this study, an improved multiple classifier combination scheme is 
proposed. The ant system (AS) algorithm is used to partition feature set in 
developing feature subsets which represent the number of classifiers. A compactness 
measure is introduced as a parameter in constructing an accurate and diverse 
classifier ensemble. A weighted voting technique is used to combine the classifier 
outputs by considering the strength of the classifiers prior to voting. Experiments 
were performed using four base classifiers, which are Nearest Mean Classifier 
(NMC), Naive Bayes Classifier (NBC), k-Nearest Neighbour (k-NN) and Linear 
Discriminant Analysis (LDA) on benchmark datasets, to test the credibility of the 
proposed multiple classifier combination scheme. The average classification 
accuracy of the homogeneous NMC, NBC, k-NN and LDA ensembles are 97.91%, 
98.06%, 98.09% and 98.12% respectively. The accuracies are higher than those 
obtained through the use of other approaches in developing multiple classifier 
combination. The proposed multiple classifier combination scheme will help to 
develop other multiple classifier combination for pattern recognition and 
classification. 
 
 
Keywords:  Multiple classifier combination, Diversity measure, Pattern recognition 
and classification, Ant system algorithm, Weighted voting. 
  
  iv 
Acknowledgement 
First and foremost, I would like to express my gratitude to Allah S.W.T., who has 
permitted me to complete this thesis. 
 
I would like to thank my supervisor, Prof. Dr. Ku Ruhana Ku Mahamud, who has 
patiently supervised my work, which spend some her time, for her continuously 
encouragement, patience, guidance and accuracy in finishing this academic work.  
 
I also wishes to express my gratitude to governor of Riau province, regent of 
Indragiri Hilir regency, and Islamic University of Indragiri for the study leave 
granted. 
 
To my beloved wife, Hj. Induk Mekkah and my two sons; M. Rifqi Aufa Abdika and 
Mohd. Raihan Abdika and two princesses; Salsabila Abdika and Cinta Abdika; I  
appreciate their understanding and for being there with me while I was working 
through a difficult and long journey. 
 
To my friends, I appreciate your support and encouragement. 
 
 
  
  v 
Table of Contents 
Permission to Use ..................................................................................................................... i 
Abstrak ..................................................................................................................................... ii 
Abstract ................................................................................................................................... iii 
Acknowledgement .................................................................................................................. iv 
Table of Contents ..................................................................................................................... v 
List of Tables ........................................................................................................................ viii 
List of Figures .......................................................................................................................... x 
List of Appendices ................................................................................................................. xii 
List of Abbreviations ............................................................................................................ xiii 
CHAPTER ONE INTRODUCTION ....................................................................... 1 
1.1 Background ............................................................................................................ 1 
1.2 Problem Statement ................................................................................................. 5 
1.3 Research Objectives ............................................................................................... 8 
1.4 Scope of the Research ............................................................................................ 8 
1.5 Significance of the Research ................................................................................ 11 
1.6 Thesis Organisation .............................................................................................. 12 
CHAPTER TWO LITERATURE REVIEW ........................................................ 13 
2.1 Introduction .......................................................................................................... 13 
2.2 Multiple Classifier Combination Topology ......................................................... 14 
2.3 Diversity Measure ................................................................................................ 16 
2.4 Classifier Ensemble Construction ........................................................................ 20 
2.4.1 Input Feature Manipulation Approach ....................................................... 21 
2.4.2 Feature Set Partitioning .............................................................................. 23 
2.4.3 Ant Colony Optimisation for Set Partitioning Problem ............................. 25 
2.5 Combiner Construction ........................................................................................ 35 
2.5.1 Classifier-fusion Scheme ........................................................................... 36 
2.5.2 Classifier-selection Scheme ....................................................................... 40 
2.5.3 Selection-fusion Scheme ............................................................................ 41 
2.5.4 Voting Approach for Classifier Combiner ................................................. 42 
2.6 Summary .............................................................................................................. 47 
  vi 
CHAPTER THREE RESEARCH METHODOLOGY ........................................ 49 
3.1 Introduction .......................................................................................................... 49 
3.2 The Research Framework .................................................................................... 49 
3.2.1 Classifier Ensemble Construction .............................................................. 52 
3.2.2 Compactness Measurement ....................................................................... 53 
3.2.3 Combiner Construction .............................................................................. 54 
3.2.4 Evaluation of the Proposed Multiple Classifier Combination Scheme ..... 55 
3.3 Base Classifier Description .................................................................................. 58 
3.4 Dataset Description .............................................................................................. 59 
3.5 Evaluation Measures ............................................................................................ 63 
3.5.1 Cross Validation ......................................................................................... 63 
3.5.2 Classification Accuracy Measurement....................................................... 63 
3.6 Summary .............................................................................................................. 64 
CHAPTER FOUR ANT SYSTEM-BASED FEATURE SET PARTITIONING 
FOR CLASSIFIER ENSEMBLE CONSTRUCTION ......................................... 66 
4.1 Introduction .......................................................................................................... 66 
4.2 Proposed Ant System-based Feature Set Partitioning Algorithm ........................ 67 
4.3 Experiments on Classifier Ensemble Construction .............................................. 71 
4.3.1 Experimental Results on NMC Ensembles ................................................ 73 
4.3.2 Experimental Results on NBC Ensembles ................................................. 77 
4.3.3 Experimental Results on k-NN Ensembles ................................................ 79 
4.3.4 Experimental Results on LDA Ensembles ................................................. 82 
4.3.5 Comparison of Constructed Classifier Ensembles ..................................... 84 
4.4 Proposed Compactness Measure .......................................................................... 87 
4.5 Experimental Results on Compactness Measurement ......................................... 96 
4.5.1 Calculating Compactness in NMC Ensembles .......................................... 97 
4.5.2 Calculating Compactness in NBC ensembles .......................................... 104 
4.5.3 Calculating Compactness in k-NN ensembles ......................................... 108 
4.5.4 Calculating Compactness in LDA ensembles .......................................... 112 
4.5.5 The Relationship between Compactness and Ensemble Accuracy .......... 118 
4.6 Summary ............................................................................................................ 120 
  vii 
CHAPTER FIVE WEIGHTED VOTING-BASED COMBINER ..................... 121 
5.1 Introduction ........................................................................................................ 121 
5.2 The Proposed Weighted Voting-based Technique ............................................. 123 
5.3 Experimental Results in Combiner Construction ............................................... 125 
5.3.1 Experiments in Combining NMC Ensembles .......................................... 126 
5.3.2 Experiments in Combining NBC Ensembles ........................................... 129 
5.3.3 Experiments in Combining k-NN Ensembles .......................................... 131 
5.3.4 Experiments in Combining LDA Ensembles ........................................... 134 
5.4 Summary of  Results .......................................................................................... 136 
5.5 Comparison with other Methods ........................................................................ 139 
5.6 Summary ............................................................................................................ 144 
CHAPTER SIX CONCLUSION .......................................................................... 145 
6.1 Research Contribution ........................................................................................ 145 
6.2 Future Work ....................................................................................................... 146 
REFERENCES ....................................................................................................... 148 
 
  viii 
List of Tables 
Table 2.1 Summary of Ten Measures of Diversity  ............................................................... 17 
Table 2.2 The Ant Colony Optimisation Variants ................................................................. 27 
Table 3.1 Summary of Datasets Used in the Experiments ..................................................... 59 
Table 4.1 The Comparison of Both Studies ........................................................................... 71 
Table 4.2 Classification Accuracy of  NMC Ensembles by RS ............................................. 73 
Table 4.3 Classification Accuracy of NMC Ensembles by ASFSP ....................................... 73 
Table 4.4 Comparison of RS and ASFSP in Constructing NMC Ensembles ........................ 74 
Table 4.5 Classification Accuracy of NBC Ensembles by RS ............................................... 77 
Table 4.6 Classification Accuracy of NBC Ensembles by ASFSP ........................................ 78 
Table 4.7 Comparison of RS and ASFSP in Constructing NBC Ensembles ......................... 78 
Table 4.8 Classification Accuracy of k-NN Ensembles by RS .............................................. 80 
Table 4.9 Classification Accuracy of k-NN Ensembles by ASFSP ....................................... 80 
Table 4.10 Comparison of RS and ASFSP in Constructing k-NN Ensembles ...................... 81 
Table 4.11 Classification Accuracy of LDA Ensembles by RS ............................................. 82 
Table 4.12 Classification Accuracy of LDA Ensembles by ASFSP ...................................... 83 
Table 4.13 Comparison of RS  and ASFSP in Constructing LDA Ensembles ...................... 83 
Table 4.14 Comparison of Constructed Classifier Ensembles ............................................... 85 
Table 4.15 Summary of Datasets Used in the Experiments ................................................... 91 
Table 4.16 Correlation Diversity Measure and Ensemble Accuracy with p Value. .............. 91 
Table 4.17 Summary of  Datasets Used in the Experiments .................................................. 92 
Table 4.18 The R
2 
Values for Each of the Ensemble Construction Methods and Diversity 
Measures ................................................................................................................................ 92 
Table 4.19 Summary of  Datasets Used in the Experiments  ................................................. 93 
Table 4.20 The Demographic Dataset Used in the Experiments  .......................................... 94 
Table 4.21 The General Description of Datasets Used in the Experiments . ......................... 95 
Table 4.22 Summary Correlation Between Diversity and Ensemble Accuracy  ................... 96 
Table 4.23 Compactness  vs NMC Ensembles Accuracy on Haberman Dataset .................. 97 
Table 4.24 Compactness vs NMC Ensembles Accuracy on Iris Dataset ............................... 98 
Table 4.25 Compactness vs NMC Ensembles Accuracy on Liver Dataset ........................... 99 
Table 4.26 Compactness vs NMC Ensembles Accuracy on Pima Dataset .......................... 100 
Table 4.27 Compactness vs NMC Ensembles Accuracy on Tic-Tac-Toe Dataset .............. 101 
Table 4.28 Compactness vs NMC Ensembles Accuracy on Glass Dataset ......................... 102 
  ix 
Table 4.29 Compactness vs NMC Ensemble Accuracy on Breast Cancer Dataset ............. 103 
Table 4.30 Compactness vs NBC Ensembles Accuracy on Lenses Dataset ........................ 105 
Table 4.31 Compactness vs NBC Ensembles Accuracy on Liver Dataset .......................... 106 
Table 4.32 Compactness vs NBC Ensembles Accuracy on Breast Cancer Dataset ............ 107 
Table 4.33 Compactness vs k-NN Ensembles Accuracy on Haberman Dataset .................. 108 
Table 4.34 Compactness vs k-NN Ensembles Accuracy on Liver Dataset .......................... 109 
Table 4.35 Compactness vs k-NN Ensembles Accuracy on Pima Dataset .......................... 110 
Table 4.36 Compactness vs k-NN Ensembles Accuracy on Breast Cancer Dataset ............ 111 
Table 4.37 Compactness vs LDA Ensembles Accuracy on Haberman Dataset .................. 112 
Table 4.38 Compactness vs LDA Ensembles Accuracy on Liver Dataset .......................... 113 
Table 4.39 Compactness vs LDA Ensembles Accuracy on Ecoli Dataset........................... 114 
Table 4.40 Compactness vs LDA Ensembles Accuracy on Tic-Tac-Toe Dataset ............... 115 
Table 4.41 Compactness vs LDA Ensembles Accuracy on Glass Dataset .......................... 116 
Table 4.42 Compactness vs LDA Ensembles Accuracy on Breast Cancer Dataset ............ 117 
Tabel 4.43 Model Summary ................................................................................................ 118 
Tabel 4.44 ANOVA ............................................................................................................. 118 
Tabel 4.45 Coefficients ........................................................................................................ 119 
Table 5.1 Accuracy of Combining NMC using Majority Voting ........................................ 127 
Table 5.2 Accuracy of Combining NMC using Weighted Voting ....................................... 127 
Table 5.3 Comparison of Majority Voting and Weighted Voting in Combining NMC ...... 128 
Table 5.4 Accuracy of Combining NBC  using Majority Voting ........................................ 129 
Table 5.5 Accuracy of Combining NBC  using Weighted Voting ...................................... 130 
Table 5.6 Comparison of Majority Voting and Weighted Voting in Combining NBC ....... 130 
Table 5.7 Accuracy of Combining k-NN using Majority Voting ........................................ 132 
Table 5.8 Accuracy of Combining k-NN using Weighted Voting ....................................... 132 
Table 5.9 Comparison of Majority Voting and Weighted Voting in Combining k-NN ...... 133 
Table 5.10 Accuracy of Combining LDA using Majority Voting ....................................... 134 
Table 5.11 Accuracy of Combining LDA using Weighted Voting ..................................... 135 
Table 5.12 Comparison of Majority Voting and Weighted Voting in Combining LDA ..... 135 
Table 5.13 Comparison of Four Constructed Homogeneous Classifier Ensembles ............ 137 
Table 5.14 Result of proposed methods compared with previous methods ......................... 143 
Classification accuracy of single NMC ............................................................................... 167 
Classification accuracy of single NBC ................................................................................ 167 
Classification accuracy of single k-NN ................................................................................ 168 
Classification accuracy of single LDA ................................................................................ 168 
  x 
 
List of Figures 
Figure 1.1  Classification task general framework................................................................... 1 
Figure 1.2 Taxonomy of classifiers  ......................................................................................... 3 
Figure 1.3 The Scope of the research in topology part ............................................................ 8 
Figure 1.4 The Scope of the research in ensemble construction part ..................................... 10 
Figure 1.5 The Scope of the research in combiner part ......................................................... 10 
Figure 2.1 Literature review roadmap .................................................................................... 14 
Figure 2.2 Venn diagram of the search space of feature orientation ..................................... 24 
Figure 2.3 The Shortest path finding capability of ant colonies demonstration  ................... 26 
Figure 2.4 The Working of the ACO metaheristic  ................................................................ 28 
Figure 2.5 An Example of  a set partition .............................................................................. 31 
Figure 2.6 ACO algorithm for set partitioning problem  ....................................................... 33 
Figure 2.7 Three popular ensemble methods  ........................................................................ 43 
Figure 3.1 Research framework phases ................................................................................. 50 
Figure 3.2 Standard structure of multiple classifier combination  ......................................... 51 
Figure 3.3 Steps of classifier ensemble construction ............................................................. 53 
Figure 3.4 Steps of compactness measurement ..................................................................... 54 
Figure 3.5 Steps of classifier combiner construction ............................................................. 55 
Figure 3.6 Steps of multiple classifier combination scheme development ............................ 56 
Figure 3.7 The four homogeneous ensembles for combination scheme evaluation .............. 57 
Figure 3.8 The 10-fold cross validation method .................................................................... 64 
Figure 4.1 General framework of feature set partitioning ..................................................... 66 
Figure 4.2 Flowchart of the generic ant system-based feature set partitioning algorithm ..... 67 
Figure 4.3 Generic pseudocode for ant system-based feature set partitioning ....................... 68 
Figure 4.4 Comparison of RS and ASFSP in constructing NMC ensembles ........................ 76 
Figure 4.5 Comparison of RS and ASFSP in constructing NBC ensembles ......................... 79 
Figure 4.6 Comparison of RS and ASFSP in constructing k-NN ensembles ......................... 81 
Figure 4.7 Comparison of RS and ASFSP in constructing LDA ensembles ......................... 84 
Figure 4.8 Comparison of four homogeneous classifier ensembles for whole datasets ........ 86 
Figure 4.9 Compactness vs NMC ensembles accuracy on haberman dataset ........................ 98 
Figure 4.10 Compactness vs NMC ensembles accuracy on iris dataset ................................ 99 
Figure 4.11 Compactness vs NMC ensembles accuracy on liver dataset ............................ 100 
  xi 
Figure 4.12 Compactness vs NMC ensembles accuracy on pima dataset ........................... 101 
Figure 4.13 Compactness vs NMC ensembles accuracy on tic-tac-toe dataset ................... 102 
Figure 4.14 Compactness vs NMC ensembles accuracy on glass dataset ........................... 103 
Figure 4.15 Compactness vs NMC ensembles accuracy on breast cancer dataset .............. 104 
Figure 4.16 Compactness vs NBC ensembles accuracy on lenses dataset ........................... 105 
Figure 4.17 Compactness vs NBC ensembles accuracy on liver dataset ............................. 106 
Figure 4.18 Compactness vs NBC ensembles accuracy on breast cancer dataset ............... 107 
Figure 4.19 Compactness vs k-NN ensembles accuracy on haberman dataset .................... 108 
Figure 4.20 Compactness vs k-NN ensembles accuracy on liver dataset ............................ 109 
Figure 4.21 Compactness vs k-NN ensembles accuracy on pima dataset ............................ 110 
Figure 4.22 Compactness vs k-NN ensembles accuracy on breast cancer dataset ............... 111 
Figure 4.23 Compactness vs LDA ensembles accuracy on haberman dataset ..................... 112 
Figure 4.24 Compactness vs LDA ensembles accuracy on liver dataset ............................. 113 
Figure 4.25 Compactness vs LDA ensembles accuracy on ecoli dataset ............................. 114 
Figure 4.26 Compactness vs LDA ensembles accuracy on tic-tac-toe dataset .................... 115 
Figure 4.27 Compactness vs LDA ensembles accuracy on glass dataset ............................ 116 
Figure 4.28 Compactness vs LDA ensembles accuracy on breast cancer dataset ............... 117 
Figure 4.29 Scatter plot  of proposed parameter and ensemble accuracy ............................ 119 
Figure 5.1 Block diagram of proposed multiple classifier combination scheme ................. 121 
Figure 5.2 Comparison of majority voting and weighted voting in combining NMC ......... 128 
Figure 5.3 Comparison of majority voting and weighted voting in combining NBC .......... 131 
Figure 5.4 Comparison of majority voting and weighted voting in combining k-NN ......... 133 
Figure 5.5 Comparison of majority voting and weighted voting in combining LDA .......... 136 
Figure 5.6 Comparison of four constucted homogeneous ensemble classifiers .................. 138 
Figure 5.7 Comparison of proposed method and other previous methods ........................... 143 
 
 
 
 
 
 
 
 
 
 
  xii 
List of Appendices 
Appendix A Classification Accuracy of Single Classifier ................................................... 167 
 
 
  
  xiii 
List of Abbreviations 
ACO Ant Colony Optimisation 
AS Ant System 
ASFSP Ant System-based Feature Set Partitioning 
Bagging Bootstrap Aggregating 
BKS Behavior Knowledge Space 
DECORATE Diverse Cretion by Oppositional Re-labeling of Artificial Training Examples  
DF Double Fault 
DT Decision Tree 
DOG Decomposed Oblivious Gain 
ECOC Error Correcting Output Codes  
GA Genetic Algorithm 
k-NN k Nearest Neighbour 
KW Kohavi Wolpert 
LDA Linear Discriminant Analysis 
MASWOD maximum of posterior probability average with self-adaptive weight 
based on output vectors and decision template 
MCC Multiple Classifier Combination 
NBC Naïve Bayes Classifier 
NMC Nearest Mean Classifier 
NN Neural Network 
PSO Particle Swarm Optimisation 
RS Random Subspace 
SCP Set Covering Problem 
SPP Set Partitioning Problem 
SVM Support Vector Machine 
UCI University of California Irvine 
WNNE Weighted Nearest Neighbour Ensemble 
 
 1 
CHAPTER ONE 
INTRODUCTION 
1.1 Background 
Pattern classification is the process of classifying patterns  into predefined category 
(or class label) based on their feature set (or attribute set) (Dougherty, 2013). Pattern 
classification aims to determine pattern categories based on characteristics of the 
patterns, where the categories have been priorly defined.  Classification process is 
divided into two phases, namely training and testing phases. In the training phase, 
the pattern sample whose class is known (training object) is used to establish a 
model. In the testing phase, a model that has been established is tested with the other 
patterns to determine the model’s accuracy (Neelamegam & Ramaraj, 2013). If the 
accuracy is good, then the model can be used to predict the class of unknown 
patterns. Figure 1.1 depicts the general framework of classification task. 
 
Figure 1.1  Classification task general framework 
Pattern classification is an important area in machine learning and artificial 
intelligence. The impact of poor classification will put the object into the wrong class 
which may lead to wrong decisions being made, hence causing losses to the recipient 
or the decision makers. 
Classification task is widely used in the decision-making process, for example on 
pattern recognition (Kaur & Kaur, 2013). Pattern recognition is a discipline in which 
Feature set Classification Model 
Category or 
Classs 
The contents of 
the thesis is for 
internal user 
only 
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